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Abstract. Developing intelligent tutoring systems that respond effectively to
trainee or student affect is a key part of education, particularly in domains
where learning to regulate one’s emotion is key. Effective affect response relies
upon effective affect detection. This paper discusses an upcoming cooperative
study between the Army Research Laboratory, Teachers College, Columbia
University, and North Carolina State University, with the goal of developing
automated detectors that can infer trainee affect as trainees learn by interacting
with the vMedic system, which trains learners in combat medicine. In this project, trainee interactions with vMedic will be synchronized with observations of
engagement and affect; and physical sensor data on learners, obtained through
GIFT’s Sensor Module. The result will be models of trainee affect, ready for integration into the GIFT platform, which can leverage sensor information when
available, but which can make reasonably accurate inference even without sensor data.
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1 Introduction
In recent years, there has been increasing interest in modeling affect within intelligent
tutoring systems [7, 11] and using these models to drive affect-sensitive interventions
[2]. In this paper, we describe an ongoing collaborative project between the Army
Research Laboratory, Teachers College Columbia University, and North Carolina
State University, which has the goal of developing automated detection of trainee
affect that can leverage sensors when they are available, but which can function robustly even when sensors are not available.
Within this research, trainee affect will be studied in the context of the vMedic,
(a.k.a. TC3Sim), a game developed for the U.S. Army by Engineering and Computer
Simulations (ECS) in Orlando, Florida, to train combat medics and combat lifesavers
on providing care under fire and tactical field care. Trainees will also complete material on hemorrhage control within the auspices of the GIFT framework [12], the Army
Research Laboratory’s modular framework for Computer-Based Training Systems,
with the goal of integrating eventual affect detection into the GIFT framework’s User
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Module (realized as necessary within the Sensor Module). In turn, the affect detectors
will be built into the pedagogies realized through the GIFT Framework’s Pedagogical
Module, for instance to realize interventions through the embedded instructor and
other non-player characters.
In this fashion, this project will contribute not just to the assessment of affect
within vMedic, but also to the GIFT framework’s broader goal of integrating a range
of types of models and detectors into the GIFT framework. By serving as a test case
for incorporating two types of detection into GIFT (sensor-free affect detection, and
sensor-based affect detection), this project will assist in understanding how GIFT
needs to be enhanced to incorporate the full range of models currently being developed by this research community.
Using these detectors, further work will be conducted to study student affective
trajectories within vMedic, which affective and engagement states influence learning
of the key material within vMedic, and how trainee affect can best be supported based
on the results of affect detection. The work to study the relationship between affect,
engagement, and outcome variables will provide important evidence on which affective states and engagement variables need to be responded to in a suite of optimally
effective computer-based tutoring systems for Army use. Also, integrating automated
detectors and interventions into vMedic through GIFT’s Trainee Module and Pedagogical Module will provide a valuable example of how to respond to trainees’ negative affect and disengagement, a valuable contribution in improving vMedic and similar training systems used by the U.S. Army.

2 Previous Research: Theoretical Grounding
Affect influences learning in at least three ways: memory, attention, and strategy
use [16, 18]. Overly strong affect can contribute to cognitive load in working memory,
reducing the cognitive resources available to students in learning tasks [13]. Beyond
this, negative affective states such as frustration and anxiety can draw cognitive resources away from the task at hand to focus on the source of the emotion [20]. These
high-intensity negative affective states can be particularly important for trainees learning content that is emotionally affecting or relevant to their future goals. Combat medicine training for soldiers has each of these components; it is relevant to future situations where they or their fellow soldiers may be in physical danger, and the training in
vMedic is designed to be realistic and to involve scenarios where soldiers scream in
pain, for example.
However, boredom and disengagement are also relevant to trainees engaging in a
task that is not immediately relevant, even if it is relevant to a trainee’s longer-term
goals. Boredom results in several disengaged behaviors, including off-task behavior
[8] and gaming the system [5], when a student intentionally misuses the learning
software’s help or feedback in order to complete materials without learning. Both
gaming the system and off-task behavior have been found to be associated with poorer learning in online learning environments [cf. 4].
However, automated systems that infer and respond to differences in student affect can have a positive impact on students, both in terms of improved affect and im-
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proved learning [2, 13]. Similarly, automated interventions based on engagement
detection can improve both engagement and learning [2].
A key aspect of automated intervention is the need to detect differences in student
affect and engagement, in order to intervene effectively. Recent work has detected
these constructs, both using sensors [15], and solely from the student’s interactions
with the learning system [5, 7, 8]. In recent years, sensor-free models have been developed of a range of behaviors associated with engagement or disengagement: gaming the system [3, 4], off-task behavior [3], self-explanation – an engaged behavior [6],
carelessness [18], and WTF (“without thinking fastidiously”) behavior, actions within
a learning system not targeted towards learning or successful performance [24, 34],
among other constructs.
Similarly, automated detectors have been developed that can infer affect solely
from student interactions with educational software [7, 10, 11]. However, better performance has typically been achieved by systems that infer affect not only from student interactions, but also from information obtained by physiological sensors. These
recognition models use a broad range of physical cues ensuing from affective change.
Observable physical cues include body and head posture, facial expressions, and posture, and changes in physiological signals such as heart rate, skin conductivity, temperature, and respiration [1]. In particular, galvanic skin response (GSR) has been
correlated with cognitive load and stresses [15], frustration [9], and detecting multiple
user emotions in an educational game [10].

3 Project Design
The first step towards developing automated detectors of student affect is to obtain “ground truth” training labels of student affect and engagement. Two approaches
are typically chosen to obtain these labels: expert human coding, and self-report [11].
In this project, we rely upon expert human coding, as self-report can be intrusive to
the processes we want to study, and self-presentation and demand effects are also
likely to be of concern with the population being studied (military cadets are unlikely
to want to report that they are frustrated or anxious).
These training labels will be collected in a study to be conducted at West Point,
the United States Military Academy. Each trainee will use vMedic for one hour in a
computer laboratory, in groups of ten at a time. The following sources of student data
will be collected: field observations of trainee affect and engagement; the Immersive
Tendencies Questionnaire (ITQ), an instrument to gauge an individual's propensity to
experience presence in mediated environments a priori to system interaction; the
Sense of Presence questionnaire, a 44-item questionnaire that rates subjective levels
of presence on four separate factors: (1) Sense of Physical Space (19 items); (2) Engagement (13 items); (3) Ecological Validity/Naturalness (5 items); and (4) Negative
Effects (6 items) [19];, a pre-and post test on hemorrhage control (a total of 12 questions, same questions used in pre-and post-test, though ordered differently), and physical sensor data for students as they play the game. The following physical sensors
will be used: Q-sensors, and Kinect depth sensors. Q-sensors track skin conductance
data, a measure of arousal, while Kinect depth sensors record depth-map images to
support recognition of postural positions.
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Within this study, expert codes of trainee affect and engagement will be collected
by a trained coder (the first author) using the BROMP 1.0 field observation protocol
[16]. The field observations will be conducted in a pre-chosen order to balance observation across trainees and avoid bias towards more noteworthy behaviors or affect.
Observations will be conducted using quick side glances in order to make it less clear
when a specific trainee is being observed. Coding includes recording the first behavior and affect displayed by the trainee within 20 seconds of the observation, choosing
from a predetermined coding scheme. The affect to be coded includes: frustration,
confusion, engaged concentration [5], boredom, anxiety, and surprise. Affect will be
coded according to a holistic coding scheme. Behavior coding includes: on-task behavior, off-task behavior, gaming the system, “psychopath” behavior (friendly fire,
killing bystanders), and WTF (“without thinking fastidiously”) behavior, where the
trainee’s actions have no relation to the scenario [17]. In order to be BROMPcertified, a coder must achieve inter-rater reliability of 0.6 or higher to another
BROMP-certified coder; two coders are currently trained at Teachers College, and are
available for the project.
Field observation coding will be conducted within a handheld Android app,
HART, designed for this purpose [7]. The field observations will be synchronized to
the other data sources, based on use of an internet time server. Synchronization will
be with reference to several data sources, including trainee interactions with vMedic,
provided through the GIFT framework’s Trainee Module, and physical sensor data on
learners, obtained through GIFT’s Sensor Module. We anticipate synchronization to
involve a skew of 1-2 seconds, based on the time required to enter observations. The
GIFT platform includes a synchronization library, which connects to an Internet timeserver so that a precise time-stamp can be added to the logs of trainee interactions
with vMedic, and the corresponding sensor data. By connecting to the exact same
timeserver, the interactions with vMedic, field observations of engagement and affect,
and physical sensor data on learners, three data sources can be precisely synchronized.
Automated detectors will be developed using the interaction logs alone, for use
when physiological sensors are not available, and using the sensors as well, for situations where they are. A standard approach of conducting feature engineering and then
developing classifiers, and validating the classifiers using student-level crossvalidation, will be used.

4 Conclusion
The current project has the goal of enhancing the GIFT framework through the creation of models that can infer trainee engagement and affect. This project is expected to
both enhance the capacities of the vMedic software, and to provide a model for how
this type of detection can be integrated into the GIFT framework more generally. As
such, this project is just one small component of the larger efforts that are currently
being pursued by the Army Research Lab, to make the GIFT framework a general and
extensible platform to achieve the US Army’s overall objective of applying learning
theory and state-of-the-art learning technology to achieve superior training results for
warfighters [14]. We anticipate that this collaborative effort will provide useful information on the future enhancement of the GIFT platform; as such, this project rep-
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resents a step towards the vision of adaptable and scalable Computer-Based Training
Systems helping to enhance the training of U.S. Army military personnel and prepare
U.S. soldiers for the conflicts of the future.
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